ABSTRACT
INTRODUCTION
One of the roles of the Australian Prudential Regulatory Authority (APRA) is to consider whether Australian financial institutions are obtaining diversification benefits through their international holdings of financial assets including real estate -both direct and indirect. The current paper considers this issue as part of a two-fold purpose as indicated below. This paper is an extension of previous research by the authors into the usefulness of Artificial Intelligence (AI) systems in portfolio construction (Ellis and Wilson, 2005) . While that paper analysed the outcomes from neural network based systems in asset selection, this paper seeks to: (i) develop a rule-based expert system that can be used for selecting 'value' property stocks from the set of Australian and UK property stocks, and assess the ability of such a portfolio to outperform the general securitised property market in Australia; and (ii) to assess the viability of an Australian property investor receiving positive returns from either hedged or unhedged positions if investing in the UK securitized property market.
Why this may be important follows directly from other research that has questioned the viability of benefits arising from international diversification in real estate investment (eg: Ziobrowski and Ziobrowski (1993) , Wilson and Zurbruegg (2003, 2004) ) and the findings may be of some interest to both APRA as well as to property portfolio managers within Australian financial institutions. Several results follow from the paper's analysis. While the rule-based expert system 'value' portfolios of Australian stocks are shown to outperform a randomly selected portfolio in most cases, they fail to outperform the Australian property market. Interestingly, the expert system 'value' portfolios selected from UK property stocks outperform both the Australian property market and the randomly selected portfolio in most instances. A central outcome is that none of these results are statistically significant and attempts to hedge AUD/GBP exchange rate movements result in capital losses to all portfolios, leading us to question the sustainability of long-term hedging in securitised property markets.
BRIEF OVERVIEW OF EXPERT SYSTEMS
One definition of a rule-based expert system is a computer programme that is capable of using information contained in a knowledge base, along with a set of inference procedures, to solve problems that are difficult enough to require significant human expertise for their solution (Harmon and King, 1985) . The set of inference procedures are provided by a human expert in the particular area of interest, while the knowledge base is an accumulation of relevant data, facts, judgments and outcomes.
There have been several studies on the use of different types of expert system in business. Wilson (1987) presents a number of applications of expert systems in finance, investment, taxation, accounting and administration, but points to the restrictions on the broader development of expert systems in business posed by the hardware limitations of the time. In their survey articles on the use of expert systems in business from 1977 through 1993, Wong and Monaco (1995a,b) note that expert systems have evolved and have been implemented as practical decision making tools in many businesses, documenting an extensive use of expert systems in various areas of finance such as investment analysis, stock market trading and financial planning. Despite this finding, Ellis Johnson et al (1997) find very little evidence of the application of formal decision support systems, such as expert systems, in the real estate sector. Liao (2005) conducts a review of the use of expert systems across all areas, including finance, over the period 1995 through 2004 and observes that expert systems provide a powerful and flexible means of obtaining solutions to a variety of problems and can be called upon as needed (when a human with expertise in the particular area may not be available). Of the different categories of expert systems as classified by Liao, there has been a broad examination of Neural Network (NN) based expert systems in property research. For instance Borst (1991) examines the usefulness of NNs in predicting the selling price of real estate. Tay and Ho (1991) , Do and Grudnitski (1992) , Worzala et al (1995) and McGreal et al (1998) all examine the effectiveness of NN systems in property appraisal. Nguyen and Cripps (2001) compare the predictive accuracy of NNs against regression in forecasting housing values, and Wilson et al (2002) use NNs to forecast future trends within the UK housing market. Brooks and Tsolacos (2003) suggest that analysts should exploit the potential of NNs and assess more fully their forecast performance against more traditional models, and more recently, Ellis and Wilson (2005) examine the applicability of a neural network expert system in the construction of portfolios of Australian securitised property. It would appear that there has been little in the way of examination of the usefulness and applicability of rule-based expert systems in property market research. is used as a proxy for the market index, against which the performance of the expert systems 'value' portfolios is compared. Market capitalisation (MV), dividend yield (DY), price-to-book-value (PTBV), price-earnings (PE), price-to-cashflow (PC) and total return (TR) data is collected for the two market indices (Australia and the UK). As for the individual stocks, the Index total return represents the cumulative points gain or loss due to changes in the share prices of stocks in the index and normal dividend payments. The total number of company observations over the full sample period is 1766 for Australian real estate stocks, and 2758 for UK real estate stocks.
DATA AND SAMPLE
For each company in the sample, the following data has been collected; closing price (P), market capitalisation (MV), dividend yield (DY), price-to-book-value (PTBV), priceearnings (PE) and price-to-cashflow (PC). Closing prices and the dividend yield for each company are used to calculate the total return index for each stock as follows: 
where P t and DY t are the price and dividend yield at time t respectively, and RI t is the total return index. This formulation for the total return is identical to that used by Datastream to estimate the Return Index, and adjusts the total return for the monthly frequency used in this study. 2 Total return is then calculated as the log difference of the total return index: 1 log log
As not all stocks traded for the full length of the test period (1997 -2004) , this avoids problems associated with survivorship bias that may influence the results (cf. Brown et al, 1992) .
For the purposes of estimating the total return to an Australian investor from a position in the UK market, monthly closing prices for the Australian Dollar / British Pound (AUD/GBP) exchange rate have also been collected. The total return to an Australian investor from an investment in UK assets includes both a capital gain or loss component, and an exchange rate gain (loss) component.
RESEARCH METHODOLOGY
The current paper uses as its expert knowledge inference set the outcomes from the research of Haugen (1995) , O'Shaughnessy (1998) , and Eakins and Stansell (2003) to select a group of fundamental financial ratios that will be used to determine sets (portfolios) of 'value' securitised property assets. These fundamental variables form the inputs to a rule-based expert system that has preset constraints to isolate 'value' assets. 'Value' assets are commonly defined as those whose market value is lower than their intrinsic or liquidating value (O'Shaughnessy, 1998). The attraction of value assets from an investor's point of view is that the (lower) market value of the asset should rise to meet the (higher) intrinsic value. This being true, portfolios comprised of value assets should outperform portfolios comprised of all assets. Portfolio allocation to value stocks is sometimes referred to as a 'contrarian investment strategy'. A number of studies indicate that contrarian strategies can outperform a strategy of investing in 'growth' stocks (cf. French, 1996, 1998; Haugen, 1995; Lakonishok et al, 1994; Levis and Liodakis, 2001 ).
In a comprehensive study of the comparative performance of US equities, O'Shaughnessy (1998) identifies a number of factors as being determinants of value. These include large stocks with low price/earnings ratios; low price/book ratios; low price/cashflow ratios; low price/sales ratios; high dividend yields. 'Large' stocks are defined by O'Shaughnessy as those with a higher than average market capitalization. Stocks with 'low' ('high') ratios are defined as those for which the relevant ratio is lower (higher) than the market average. For instance, a 'low P/E' ratio stock is one with a lower than market average P/E ratio, and a 'high P/E' ratio stock is one with a higher than market average P/E ratio. Given the lower volatility of large stocks relative to all stocks, value portfolios comprised of large stocks are shown by O'Shaughnessy to typically outperform the market index by a sizeable margin on a risk-adjusted basis. Using neural network techniques to predict value stocks using the ratios identified by O'Shaughnessy, Eakins and Stansell (2003) demonstrate the superior performance of the neural network value portfolio versus the S&P 500 and Dow Jones Industrial Average. Following the work of Eakins and Stansell (2003) , Ellis and Wilson (2005) recently investigated the performance of value portfolios comprised of Australian real estate stocks using a similar neural network methodology to identify individual value stocks 3 .
To go some way towards reducing the above mentioned deficiency in the literature on rule-based expert systems in property research, the current paper develops a rule-based expert system to construct portfolios of Australian and UK listed property stocks and compare the performance of these portfolios against the Datastream Australian Real Estate Index. The primary objective of research in this study is to examine the performance of expert system value portfolios comprised of property sector value stocks versus the set of all property sector stocks. The performance of each portfolio is compared first to the Australian market index, and second to mean statistics for 100 randomly diversified portfolios of Australian and UK listed property stocks. For portfolios comprised of UK listed property stocks, consideration is also given to the potential gain or loss from foreign exchange risk borne by Australian investors in the UK, and to the cost of hedging such risk and its impact on the profitability of foreign (UK) investments.
Rather than the CAPM, which has not been shown to accurately reflect investor sentiment towards risk (Eakins and Stansell, 2003) , risk adjusted performance relative to the Australian market index is measured first by the Sharpe ratio (Sharpe, 1966) , and second the Sortino ratio (Sortino and Forsey, 1996; Sortino et al, 1997) for adjusting returns on a downside risk basis.
The Sharpe ratio is the conventional approach to the measurement of risk in that it includes both upside and downside risk i.e. outperformance of the portfolio is treated exactly the same as underperformance. The Sharpe ratio is given as:
where R f is the risk free rate of return, R p is the return to the portfolio and σ r is the standard deviation of portfolio returns. The Sharpe ratio provides a measure of return per unit of risk with a ratio in excess of 1.0 being considered good. On the other hand the Sortino ratio is calculated as the difference between the portfolio return R p and the minimum acceptable return MAR, divided by the downside deviation DD of the portfolio return versus the minimum acceptable return DD MAR . Downside deviation is similar to the loss standard deviation with the exception that it (DD) only includes portfolio returns below the MAR, rather than portfolio returns below the mean. The basis of the Sortino ratio is that investors are more concerned with the risk of loss (downside risk), than the risk of gains (upside risk). Standard deviation, as used by the Sharpe Ratio, considers both upside and downside risk. The calculation of the Sortino ratio is given as:
For consistency with the calculation of the Sharpe ratio, the Sortino ratio MAR is set equal to the mean monthly risk-free rate of 0.49%, this being the mean of the monthly Australian 10-year Commonwealth Bond rate for the test period. 4 Several systems are tested in this study, including both single-factor and multiple-factor systems. Following from Ellis and Wilson (2005) , the initial set of input factors employed for both the Australian and UK markets comprises market capitalisation (MV), dividend yield (DY), price-to-book-value (PTBV), price-earnings (PE), and price-tocashflow (PC). Market average ratios (for comparison) are calculated annually as the average ratio for all stocks in the index each given year. Expert systems testing for UK listed property stocks also includes the effective rate of return (EffR), with the motivation being that Australian investors in the UK will gain from an appreciation of the foreign currency (GBP) net of any capital loss on the asset. To prevent look-ahead bias associated with making investment decisions based on data which is not yet known, portfolios constructed at time t comprise stocks which are identified by the system as being value stocks at time t-1. Despite the fact that the AUD/GBP exchange rate is readily observable on a 24-hour basis, information pertaining to other factors (eg. PTBV, PC) may not be readily known (Eakins and Stansell, 2003) . Stock specific information pertaining to the first-order autocorrelation structure and mean excess percentage returns for each factor for the year prior is also included. The additional information is incorporated into the rule-based expert system to determine a priori the raw probability of a value stock at time t-1 being value at time t. While the full sample period comprises company and index data from 1996 -2004 inclusive, the expert systems under consideration are tested over the period 1997 -2004.
Single-factor systems testing
Single-factor expert systems in this study incorporate information pertaining to a single input factor only. Individual systems are tested for each of the five input factors listed above for the Australian market, and six (including information pertaining to monthly changes in the AUD/GBP) for the UK market. The rule-set developed a binary classification system so that the output factor for the single-factor system is defined as either VALUE or NOT according to the value criteria that was previously established for each respective input. Repeating the process for each of the input factors yields a total of five single-factor value portfolios for the Australian market and six single-factor value portfolios for the UK market.
Multiple-factor systems testing
As opposed to the single-factor systems which classify stocks as being VALUE or NOT on the basis of a single criteria, only the multiple-factor rule-set ranks stocks in terms of the degree of value when measured against all criteria simultaneously. Individual stocks are awarded a cumulative score out of 5 in each period (score out of 6 in the UK) based on how many of the individual value criteria are identified by the expert system as being satisfied. For a stock listed in the Datastream Australian Real Estate Index, a cumulative value score of 5 in any given month would indicate that the stock satisfied all of the relevant value criteria. A value score of 0 alternatively shows that the stock satisfied none of the criteria. A cumulative score of 6 for a stock listed in the Datastream UK Real Estate Index would likewise show that the stock satisfied all of the value criteria in the UK market.
Using the multiple-factor value criteria, 'multi-value' stocks are then defined as those with a cumulative value score ≥ 4. The testing of multi-value stock portfolios in addition to value stock portfolios (based on a single-value criteria only) is to evaluate the potential value-added by imposing a stricter value criteria on stocks during each period. Given the inclusion of the effective rate of return (EffR) as a value input in the UK market, two multi-value stock portfolios are tested in the UK. The first, Multi 1 comprises information pertaining to market capitalisation (MV), dividend yield (DY), price-tobook-value (PTBV), price-earnings (PE), and price-to-cashflow (PC) only, while the second, Multi 2 comprises these five plus information pertaining to the effective rate of return (EffR). Excluding the effective rate of return from the first UK multi-value portfolio allows the performance of this to be directly compared to the equivalent Australian multi-value portfolio. Its inclusion in the second UK multi-value portfolio allows the contribution of expected exchange rate changes to be measured separately.
The binary classification in the multi-value context operates in much the same way as for the single-factor models: stocks scoring a cumulative value score ≥ 4 are classified as VALUE, stocks with a cumulative score < 4, NOT. To establish the degree of randomness in monthly returns for the Australian and UK indices and the AUD/GBP, a non-parametric runs test is conducted. This test accepts randomness for all three series at the 10% level. Each series is then tested for the presence of first-order autocorrelation, the significance of which is tested using the Ljung-Box Q statistic. The significant test result for the Australian market confirms negative autocorrelation in the index, suggesting a higher than expected probability of consecutive price changes in the opposite direction. The Anderson-Darling test for the normality of returns fails to reject the null hypothesis that Australian market index returns follow a Normal distribution, but rejects the Normal null for the UK market index. The Normal null is accepted for the GBP/AUD at the 10% level. The Ryan-Joiner p-value similarly rejects the Normal null at the 10% level for the UK Market index and accepts the null for both of the Australian market index and the GBP/USD.
RESULTS

Descriptive statistics
Expert system value portfolios
The performance of each of the expert system value portfolios relative to the Australian market index is shown in a series of tables. Table 2 describes the performance of expert system value portfolios comprised of Australian real estate stocks, and Table 3 the performance of expert system value portfolios comprised of UK real estate stocks. Portfolios in both tables are compared to the Australian market index as proxied by the Datastream Australian Real Estate Index and to mean statistics for 100 randomly diversified portfolios drawn from the set of all Australian and UK listed property stocks. Nominal monthly mean returns for each of the expert system value portfolios in Table 2 are less than the mean return to the Australian market index (0.930%). The highest mean return is for the market capitalisation portfolio MV (0.640%) and the lowest is for the price-to-cashflow portfolio (0.392%). An analysis of z scores and p-values for the difference between mean returns to the market portfolios and the expert systems value portfolios reveals that the level of underperformance is not significant at the 0.10 level.
Only the market value portfolio outperformed the bootstrap mean, though the difference is again insignificant at the 0.10 level. Compared to mean returns for each of the singlefactor portfolios, p-values for the difference between the multi-factor portfolio mean return and single-factor mean returns is likewise insignificant.
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Cumulative mean returns for all portfolios over the test period are lower than the cumulative mean market return (79.064%) and the bootstrap mean cumulative return (37.188%) except for the market capitalisation portfolio which returns 54.164% for the 86-months to February 2004. Cumulative mean returns in this study are calculated as the sum of monthly portfolio returns and do not include the effects of monthly compound interest. Compound returns -the percentage return to $1 invested at the beginning of the test period and subsequently reinvested at each period's monthly rate of return -are also calculated. Consistent with the cumulative returns, none of the expert system value portfolios in Table 2 were able to outperform the market, nor the bootstrap mean on a compound returns basis.
Risk-adjusted returns in this study are calculated using the Sharpe ratio and the Sortino ratio. In contrast with findings already discussed, the difference between expert system value portfolio Sharpe ratios and Sortino ratios versus the market portfolio or the bootstrap mean Sharpe and Sortino ratios is statistically significant for all portfolios at the 10% level.
Results pertaining to the performance of UK expert system value portfolios are presented in Table 3 . Relative to the performance of the Australian market index, results in Table 3 are for the effective rate of return to an Australian investor from a position in UK (GBP denominated) assets. Calculated as
where R AUD is the AUD denominated total return, R GBP is the GBP denominated capital return, and ∆S AUD/GBP is the change in the spot Australian Dollar/British Pound exchange rate, returns in Table 3 include both a capital gain and exchange gain component. Inclusive of a mean monthly exchange rate gain of approximately 0.186%, mean returns to all single factor portfolios, except the effective rate of return value portfolio EffR, underperform both the Australian market index return and the bootstrap mean return. The multi-factor model Multi 2, which incorporates information pertaining to exchange rate changes, also outperform both the market and the bootstrap mean. The effective rate of return value portfolio earns the highest mean monthly return (2.742%) and the multifactor portfolio Multi 1, the lowest (0.186%). With the exception of the effective rate of return value portfolio, expert system value portfolio mean monthly returns are not significantly different to either the mean monthly market return or the bootstrap mean return. Cumulative mean and compound returns to the above listed portfolios also exceed the market portfolio and bootstrap mean returns, though the statistical significance of the difference in cumulative mean returns cannot be ascertained. Sharpe and Sortino ratios for all of the portfolios in Table 3 , except the price-earnings value portfolio PE, are likewise significantly different to the market portfolio Sharpe and Sortino ratios. Of these, only the effective rate of return value portfolio yields Sharpe and Sortino ratios which are statistically greater than the corresponding market ratios.
Hedging foreign exchange exposure
For Australian investors with open positions in foreign currency denominated assets, two questions arise; namely: what is the contribution of exchange gains or losses to overall portfolio performance; and whether the underlying exchange rate risk should be actively managed. Appreciation of the foreign currency will increase the domestic currency value of foreign currency denominated assets, and depreciation will decrease the value of foreign currency denominated assets. Results presented in Table 3 comprise both a capital gain (loss) component and an exchange rate gain (loss) component, i.e. the effective rate of return to an Australian investor. To consider the impact of currency variability on portfolio returns in Table 3 , Table 4 provides comparative returns for the cases where (i) the AUD/GBP exchange rate is fixed, and (ii) the exchange risk is fully hedged. While portfolio mean returns net of GBP appreciation may be inferred from Table 3 via subtraction of the mean monthly forex gain from the mean monthly return, Table 4 provides exact mean returns for the UK value portfolios exclusive of exchange rate gains or losses. Assuming that the AUD/GBP exchange rate is at par for the entire test period, the change in the AUD/GBP in Equation (3) is therefore zero. In terms of cumulative returns, appreciation of the GBP over the test period can be seen to add from 9.17% (price-to-book-value) to 10.20% (Multi 1). Compound returns are approximately 11.96% (Multi 1) to 18.53% (price-earnings) higher. Despite the fact that mean returns in Table 3 are not statistically different to those given a fixed exchange rate in Table 4 , the difference in compound returns illustrates the value of foreign currency appreciation to Australian investors.
Expert systems value portfolios purchased at time t use all available information up to the previous period, t-1. By avoiding look-ahead bias, the investor now bears the risk that changes in the values of expert system input variables (used to designate a stock as being VALUE or NOT) between t and t-1 will result in capital and/or exchange losses. To manage exchange rate risk between time t-I and t, the hedge in Table 4 is constructed along the following lines: at time t-1, the investor purchases an AUD/GBP foreign exchange option with an exercise value equal to the then current spot exchange rate. The option maturity is the next period, time t. If the GBP depreciates between time t-1, and t, the option is exercised and the portfolio effective rate of return is calculated on the change in the AUD/GBP to time t-1. Else if the GBP appreciates between time t-1 and t, then the option expires worthless and the portfolio effective rate of return is calculated on the change in the AUD/GBP to time t. The hedge strategy follows from that employed by Ziobrowski and Ziobrowski (1993) into the benefits to US investors of hedging longterm positions in British Pound and Japanese Yen denominated real estate stocks with currency options. Despite the short-term gains from managing exchange rate risk with currency options, the authors concluded that 'as a long-term strategy, the currency option offers no real protection against foreign asset devaluation caused by currency devaluation' (Ziobrowski and Ziobrowski, 1993) .
Under the initial assumption that the above described hedge is costless, i.e. the option premium is zero, results for the Costless Hedging expert systems value portfolios in Table 4 show a significant degree of outperformance relative to the Datastream Australian Real Estate Index with cumulative returns as high as 336.38%, and compound returns as high as 2017.4% for the effective rate of return portfolio. Furthermore, mean returns given costless hedging in Table 4 are also significantly greater than their respective unhedged values in Table 3 at the 0.10 level, and returns to all except the dividend yield and price-earnings value portfolios are significantly greater at the 0.01 level. Relative to mean monthly returns presented in Table 3 , the additional mean monthly portfolio return of approximately 1.19% to 2.99% implies a potentially substantial benefit from hedging foreign exchange risk.
Under the assumption of costless hedging with currency options, fully hedged returns in Table 4 have already been shown to be significantly greater than their unhedged values.
To determine the impact of the cost of the option premium on portfolio returns, Table 5 provides the return to an initial $1 investment, reinvested each period over the full sample for Australian expert systems portfolios, and for each of the UK expert system value portfolios given the cases where (i) exchange rate risk is unhedged, (ii) exchange risk is costlessly hedged (Hedged Gross), (iii) the real cost of the option premium is deducted from each period's reinvested value (Hedged Net) 6 . Real option premiums each period are calculated using the Garman and Kohlhagen (1983) modified Black-Scholes model for valuing foreign currency options: 1 Average monthly required rate of return for which the Hedged Net end-of-period value equals the Unhedged end-of-period value 2 Average monthly required rate of return for which the Hedged Net end-of-period value equals the Hedged Gross end-of-period value 3 Average monthly required rate of return for which the Hedged Net end-of-period value equals $1.00
Consistent with compound returns in Table 2 , returns to $1 invested for all of the Australian expert system portfolios are less than would be earned by investment in the general property market. For UK expert system portfolios, end-of-period values for the hedged net portfolios are all lower than their respective unhedged and hedged gross endof-period values. Except for the effective rate of return portfolio, end-of-period UK hedged net values are negative. As illustrated by Figure 1 , this result can be seen to be due to the cumulative impact of the premium on the future value of reinvested returns. Despite the fact that UK hedged gross end-of-period values minus the nominal total premium exceeds the UK unhedged end-of-period values for all portfolios and the Australian market index end-of-period value, the subtraction of a premium each period reduces the value reinvested in the next period. This effect is cumulative over time resulting in much lower future values (compound returns) for the portfolios. Based on the average monthly call option premium of 0.0419AUD, estimation of the average monthly required rate of return in Table 5 shows that Australian investors would have to earn
Compounded Return (%) approximately 4.375% compounded monthly for the end-of-period UK hedged net portfolio value to equal the initial $1 invested. This result is consistent with the earlier findings of Ziobrowski and Ziobrowski (1993) for US investors and confirms the incapacity of long-term hedged positions to return a yield in excess of the compound value of the option premium. The result does not preclude the viability of a short-term hedge strategy where, for instance a derivatives position is taken only when there is a forecast likelihood of foreign currency depreciation. The determination of a short-term hedge strategy is not attempted in the current study as the analysis of the AUD/GBP (refer Table 1 ) suggests the exchange rate cannot be accurately forecast.
CONCLUSIONS
There are a number of conclusions to flow from this study. First, the use of a rule-based expert system is capable of beating the general property market and randomly selected portfolios in select cases, although the outperformance is not statistically significant. This is in contrast to the outcomes from Ellis and Wilson (2005) who use a neural network system to develop portfolios that consistently outperformed the market. A possible explanation for this may be due to the fact that a neural network system is capable of picking up non-linear relationships that are unable to be identified by the rule-based system. The crucial finding in the paper is there appears to be no long term benefit to the Australian investor through hedging exposure to fluctuations in the AUD/GBP exchange rate, which is in broad agreement with the findings of Ziobrowski and Ziobrowski (1993) in relation to hedging US real estate. Further to Ziobrowski and Ziobrowski, we show this result is not due to the total cost of the premium, but rather is due to the continuous impact of the premium on compounded returns.
